Leishmaniasis
Leishmaniasis is a neglected disease in Ecuador reported since the beginning of the 20 th century and has been recorded from 21 of the 24 Ecuadorian provinces 9 . To date, at least eight Leishmania spp. have been identified to infect humans and non-human mammals 10, 11 . Leishmaniasis reports in rural areas occur from sea level to ~2,700 m 10 elevation 11 . More than 60% of all Leishmania species of Ecuador are reported in the subtropical and tropical lowlands of the Pacific region (Fig. S5) , where Le. panamensis and Le. guyanensis are the most common. In the highlands of the Andes region in central Ecuador (Fig. S5) , the main leishmaniasis agents are Le. mexicana (>80%) and
Le. major-like [11] [12] [13] [14] . In this country, leishmaniasis reached 2,628 cases by 2000, decreasing to 935 cases by 2014 5 . By May 2016, ~1,400 cases of leishmaniasis were reported 15 (Fig. S4) 
Chikungunya
Chikungunya is an arboviral disease with symptoms somewhat similar to dengue fever, characterized by sudden onset of fever, rash, and severe joint pain lasting until 14 days; some cases result in persistent arthritis even 25 days after initial symptoms 19 . At the end of 2014, the first imported case of chikungunya virus was reported in Ecuador and less than a year later, the number of locally transmitted cases raised to ~30,000 since the start of the epidemic to October 2015 7 . Strikingly, the number of chikungunya cases is likely underreported in the country 20 with 7.5 % of cases established by epidemiological link. Additionally, the eminent risk of the introduction of other arboviruses to Ecuador is an emergent public health concern; for example, by September 2016 zika virus has been detected in at least 2,000 human patients in several coastal provinces of the country 21 . Yellow fever is nowadays a disease of less concern, but still present in Ecuador 22 .
Malaria

Malaria is still the most important vector-borne disease worldwide transmitted by
Anopheles mosquitoes 23 with reports of up to 80,000 cases/year in Ecuador.
Interestingly, the country has been reporting most cases of dengue and few cases of malaria in the last five years 24 (Fig. S4) , a pattern that changes the current public health priority from malaria to dengue 25 . This trend has been poorly addressed and might be associated with efficient vector control programs, reduction in epidemiological surveillance, or other factors including climate variability reducing vector abundance as fewer cases of malaria have been reported even in regions lacking Anopheline mosquitoes control. However, malaria is still of importance in Ecuador given the potential for re-emergence, the persistence of Anopheline mosquitoes in rural areas where the disease was endemic, the mortality associated with infection, and DALYs 23 .
By May 2016, 229 cases of malaria were reported in Ecuador 15 .
Chagas
Chagas disease is another vector-borne disease historically endemic in the Andean region and in Ecuador where it is still a cause of morbidity and mortality ( Fig. S4 and   S5 ). It is transmitted by the feces of infected triatomine bugs and can cause chronic infections with permanent damage to several organs including the heart, the esophagus, and the colon. [27] [28] [29] , while the transmission at the Amazon basin has been poorly investigated [30] [31] [32] . By October 2015, seven cases of chagas disease were reported in Ecuador 15 .
The framework of our modeling approach included a detailed characterization of the study area, occurrences, and model fit for each vector species under present-day environmental conditions derived from satellite imagery and future climate. A summary of the methodology is found in Figure S6 and is explained in detail below. 
Vector occurrence
We determined the environmental conditions necessary for vectors using geographic coordinates of vector reports and environmental variables under present-day environmental conditions, then, the existence of such environmental conditions was determined across Ecuador ( Fig. 1 of the manuscript) . We selected vector species associated with six vector-borne diseases recognized in Ecuador including malaria, chikungunya, dengue, leishmaniasis, chagas disease, and yellow fever, as well as zika fever. The vector species corresponding to each disease included mosquitoes, kissing bugs, and sandflies ( [36] [37] [38] [39] [40] [41] [42] .
We removed the duplicate occurrences by species to obtain single occurrence points by site and to reduce model overfitting due to oversampled areas 43 (Supplementary Dataset). The vector occurrence records were then used to develop ecological niche estimations, under the assumption that each record originated from a stable population that can persist without need of immigration.
Areas for model calibration
A critical step in the niche modeling process is the selection of areas for model calibration 43 ; the extent of such areas dramatically impacts the area predicted as suitable for vector occurrence 44 . The study design of ecological niche models should be based on biogeographic features for each vector species 44 . For this, study designs should follow the BAM framework (sensu Soberón and Peterson 45 ). This framework is used in modern ecology during the study design and interpretation of ecological niche modeling. The BAM framework identifies three factors that interact in the species' ecological niche delimitation: B: biotic; A: abiotic; and M: dispersal capacity. Under this framework and in view of the considerable effects of the study area extent in model results 44 , modelers should establish specific geographic areas for model calibration for each species according to the species' dispersal capacity M.
Considering the impact of the study area extent on ecological niche model predictions and the need for biological realism in the study design 43, 44 , models should be calibrated in areas representing a proxy of M 44 . We assumed that each species' M could be estimated based on the average geographic distance among vector occurrences 46 .
Briefly, for each vector species we estimated a centroid point from all the occurrences of the vectors' distribution and measured the distance between the centroid to all the occurrences (Table S1 ). We focused on the vectors' native range to avoid over estimation in transoceanic dispersal of the invasive vectors of the Aedes genus. The average geographic distance between the centroid and occurrences was used to generate a buffer zone where models were calibrated (Fig. S7 ). This method provides impartiality from the modeler to establishing the extent of the calibration area, furthermore it is based on the potential dispersal of the species providing biological meaning to model results, and allows the characterization of the environments occupied by species across their distribution 44 . For the estimation of the average distance between occurrences of Ae. aegypti and Ae. albopictus, we used occurrences in the native ranges of Africa and South Asia respectively 47 . For all other species, we estimated the average distance restricted to reports of their native distribution in the Americas. 
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Present-day environmental variables
We generated ecological niche models using environmental variables with biophysical relevance in vectors biology 48 . For our present-day estimations, we used environmental the Worldclim repository 50 . We used the software NicheA version 3.0 to identify correlation between environmental variables 51 , and removed layers with high correlation (>0.8) and important gaps of data in Ecuador (i.e., >1% area of the country). 
Climate change environmental variables
Ecological niche modeling
Ecological niche models were developed using Maxent software version 3.3.3.k 65 .
Maxent uses a logistic regression-like algorithm which associates environmental variables with vector occurrences (for a detailed explanation of algorithms used by Maxent see 66, 67 ). Several models were developed for each species to obtain the best model fit as follows. albopictus models using remote sensing data were developed using a regularization coefficient of 1.
Models with the highest performance, based on regularization coefficient evaluations were used to build final models for each species in the calibration areas M and were later transferred to continental Ecuador under present day and future environmental conditions. Areas with environmental overlap between the vector's niche and environments available in Ecuador were defined as areas of "risk of exposure to disease vectors," based on the environmental suitability for vector species (Fig. 1 in the manuscript). Maxent settings for the final models included median of the logistic output, random seed, 100 bootstrap permutations, and clamping and extrapolation turned off for an strict model transference in Maxent 63, 69 , in view of the perilous predictions in novel environments when extrapolation and clamping are allowed in the algorithm 61, 62, 70 . In sum, we generated 220 models by each species for a total of 3,080 models for all species, including present and future climate conditions. From the 100 model permutations, we estimated the mean values of the area under the curve (AUC) of the of the receiver operating characteristic to evaluated models in terms of sensitivity and specificity 65 . Final models were converted to binary using a threshold based on minimum training presence (Fig. S6 ). These maps were used to estimate suitable areas by vector on present-day climates and people living in these suitable areas. We estimated overall patterns of people density exposed to vectors under current climate using 1 km resolution of human population in Ecuador from LandScan 18 . We employed this data set also to assess the population at risk under future conditions considering the agreement of LandScan with future human population models from Ecuador 71 (r 2 = 0.43, p < 2 x 10 -16 ). We then estimated the area predicted suitable for the vectors.
Finally, we estimated the percent of change of area suitable for the vector species and population exposed to vectors between present-day and future climate scenarios. Most species were reported from more than one country, except for An.
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Occurrences
pseudopunctipennis, R. ecuadoriensis, T. carrioni, and T. dispar reported in Ecuador
only (Fig. S7 ). The continent with most occurrences for a single species' was the Americas for An. albimanus and Ae. aegypti. The Americas covered the entire range for 11 of the 14 vector species modeled.
Present-day models
The selected uncorrelated variables for our present-day models were mean and standard deviation of the monthly EVI time series data; long-term precipitation for two periods including i) November, December, and January; and ii) May, June, and July; (Fig. S7 ).
According to our AIC evaluations, the best regularization coefficients based on remote sensing data and precipitation ranged between 0.5 and 3, the most frequent values were 1 and 2, while for models based climate for future conditions, parameters ranged between 0.5 and 5, the most frequent was 0.5 (Table S2) values and lowest regularization coefficients in 67% of the vector species modeled using remote sensing and in 64% of the species modeled using climate (Table S2 ). The AUC evaluations showed a good discriminatory capacity of models to predict occurrences better than a random model (Table S3) . When the final models were developed and transferred to Ecuador, broad suitable areas were found across the country for Ae. albopictus and Ae. aegypti; highlands in central Ecuador limit the potential distribution of these vectors, but Ae. aegypti appear to be a more generalist species, tolerating environments available in highest zones (Fig.   S1 ). In contrast to countries located in temperate regions, tropical countries possess only two climatic seasons (i.e., rainy and dry) with high minimum temperatures and rainfall favoring vector species such as Ae. aegypti mosquito abundances and lead to the increase of dengue cases during the rainy season 72, 73 . A recent global prediction
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anticipates that the global burden of chikungunya and dengue may increase under future climate scenarios if Aedes mosquitoes are considered 74 . Herein, we focused in pseudopunctipennis, may be a consequence of novel environments where no predictions were allowed and thus the risk of exposure in such areas was not accounted for these species. Novel environments were particularly evident for An.
pseudopunctipennis, thus, high uncertainty exist in prediction outside the Andes region;
novel environments for this species may reflect temperatures warmer than those in areas where this vector occurs. In Latin America, a displacement from low to highlands was predicted recently for malaria vectors in Colombia 75 . Our results suggest that warming temperatures would displace vector species to the Andes. A previous study using ecological niche modeling also suggested that under climate change, malaria vectors may shift their distributional areas abandoning areas with high human density to invade areas with low human density reducing the overall number of people exposed and in consequence the burden of the disease in Africa 76 . These model results should be considered with caution given that niche models are commonly based on coarse scale patterns, neglecting fine scale population ecology and human interventions to reduce disease prevalence 48 .
Models of chagas disease vectors showed a particular and complex pattern of suitability across central-south areas of the country with special emphasis on the coast and Andes (Fig. S1 ).
The general pattern of vector potential distribution in Ecuador under present-day conditions, highlights the southwestern area of Los Rios and Guayas as a main foci of risk (Fig. S3 ). Under present-day environmental conditions, the consensus map of vectors potential distribution showed low vectors richness in the Andes Mountains with high risk mainly present in the valleys between them, in the provinces of Carchi, Imbabura, Pichincha, Cotopaxi, Chimborazo, Tungurahua, Bolivar, and Azuay, from north to south. Loja province belongs to the Andean region but does not have important elevations (Fig. S5) ; this area has the highest risk of potential vector distribution in the south (Fig. S3) . Vectors distributions were anticipated in areas beyond the records available to us in Ecuador. This pattern would be a result of successful eradication program in some areas where vectors were extirpated, areas with unavailable prey of microhabitats, or could reflect situations in which vectors have suitable conditions in these areas but are unable for successful dispersal and colonization.
Future climate models
Under near future climate (i.e., 2030), patterns of vector occurrence revealed a slight displacement of high risk from southern areas of the country to northwestern Ecuador.
In this period, areas of risk increase also in northern Andes ( Chinchipe. Under the 2100 scenario, some models failed to find suitable conditions in Ecuador for some vectors (Fig. S2 ), for example, T. dispar may be extirpated due to unsuitable conditions in the future considering the absence of tolerable climate for the species (Fig. S1) . However, the comparison between present-day and future climate in Ecuador via Mobility-Oriented Parity test revealed areas with future climate not available in the present-day distribution of this species (Fig. S2) . The presence of non-analogous environments, where no prediction was allowed, was particularly evident for species with narrow distributions with maximum temperatures above those available currently in the species range ( Fig. S1 and S2).
Our future climate models offer coarse spatial resolution variables (i.e., ~20km) compared with the fine resolution from remote sensing data we employed (i.e., ~1km; forecasted by our models 77 . We are sympathetic with these limitations of climate based models, but also recognize that future climate scenarios provide opportunities to anticipate and adapt to the effect of climate change on human health 78 . Additionally, we employed data of human populations across Ecuador under current climate conditions and explored the risk of this population under future climate. We avoided the use of future human population scenarios considering that the main gain of future population models would be a temporal match between future climate and future population, but at the cost of amplifying uncertainty. In other words, future climate models have considerable uncertainty, thus, using future population models will result in risk estimations including the uncertainties of both future climate models and future population models, thereby amplifying the uncertainties in the system. We found that patterns of current and future population in Ecuador will remain stable. However, future research exploring the accuracy of essambling future climate with future population models is warranted.
Occurrence data may also contribute to uncertainty from sampling bias 79 . Bias could be generated from oversampling in areas of easy access or from countries with active epidemiological surveillance systems, thus, biased data will result in biased models 79 .
To mitigate the effect of bias in model calibration, we utilized binary models instead of continuous models resembling sampling bias effort 43 . Additionally, we employed all the occurrences available to us for each vector species, this allowed us to capture a representative sample of the environmental signature required by each vector species across its known geographic distribution. Models for some species were calibrated from a low number of occurrences, likely reflecting the low reporting effort and data digitalization of Ecuador or the low abundances of such species. Previous niche models of vector species have considered vector reports in the study area only, neglecting vector data from areas outside the areas of interest (e.g., [80] [81] [82] ). This model design results in models explaining just a limited portion of the species ecological niche, thus, generating pseudomodels that not capture the environmental range tolerated by the vectors 43 . Excluding the entire dataset of existing reports of a vector's distribution, when modeling the ecological niche, i) limits the biogeographic understanding of the species 83, 84 , ii) has statistical weaknesses 85 , and iii) lack of biological interpretation 43, 48 .
Our study design considering the entire geographic range of vectors increased the information provided to the model to characterize the environmental space occupied by the species and in consequence its environmental tolerances 43 , mitigating the plausible environmental bias of the data 79, 86 .
Our selection of vector species was derived by the known importance of species or their potential role in the disease transmission. However, we may be neglecting other vector species with a role in transmission. hartmanni has not been reported as a proven vector of leishmaniasis; althought its role in disease transmission is debatable, the species is widely distributed in areas where the disease is endemic and has been found infected with Endotrypanum parasites 9 .
Other sandfly species including Lu. tortura and Lu. serrana have also been found infected with parasites, but their role as vectors of the disease is not well understood.
We found that tuning Maxent parameters, specifically the regularization coefficient, provides better performance than using default parameters. This step appears to be important when calibrating models for species of public health concern considering that model fit appears to be sensitive to the regularization coefficient selected 69 . Additionally, future climate models provide insights of the plausible climate conditions under different emission scenarios 50, 52 , however, such models may include climate conditions not present nowadays 61, 62 Finally, anticipating potential areas and populations at risk of exposure to disease vectors is a priority for effective disease control interventions 89 . While a previous study aimed to describe the occurrence of Rhodnius ecuadoriensis in two Ecuadorian provinces 90 , to our knowledge, this is the first effort to model a complex ensemble of vector species under present-day and future climate conditions in Ecuador using remote sensing and future climate models (Fig. S3 ).
